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1. Introduction  
There is a view in practice that there is no substitute for real experience in guiding decisions, regardless 
of whether that experience was a good or a bad one. ‘We learn by our experiences’ is a catch cry that 
resonates in many situations of real life (see Hoeffler and Ariely 1999); yet it is surprising to see how 
little consideration is given to this position in travel choice modelling (with a few exceptions especially 
in the Advanced Travel Information Systems area, e.g., Ben-Elia et al. 2008). A question of interest is 
the implications on key behavioural outputs such as attribute-specific elasticities of recognising, 
explicitly in choice models, the role of experience that respondents have associated with each and every 
alternative in a choice set, regardless of whether the choice sets are associated with revealed preference 
or stated choice data. Hau et al. (2008) review the broader literature and conclude that there exists a 
systematic and large description–experience gap. Woodruff et al. (1983) are indicative of similar views, 
specifically suggesting in the marketing context that expectations should be replaced with experience-
based norms as the standard for comparison of a brand's performance. 
 
In the context of choosing a mode of transport for the commuting trip, a reasonable and testable 
proposition is that exposure to an alternative through usage, especially repeat usage, might influence 
one’s view about an alternative, and hence result in a set of preference expressions for each alternative 
in a choice set that is not the same as what might be obtained through analysis if this experience element 
was not explicitly taken into account. At the same time, one might reasonably argue that the extent of 
experience is already captured in the sampling and hence is reflected in the parameter estimates through 
the sample distribution of experience, however defined. While there is some merit in the latter position, 
it says nothing about the possibility that there is an interaction between experience and modal attributes 
that result in a different role of these attributes in influencing individual choices.  
 
The transport literature on the effect of experience on preferences is rather small, despite hints in the 
literature that overt experience may matter. One paper of special note is Ben-Elia et al. (2008) who 
investigate the role of advanced transportation information systems (ATIS) in the provision of 
information which may influence their route choices. Their results show that the effect of information 
is somewhat limited for experienced drivers who already have a good knowledge base of the possible 
travel conditions on the network. What is clear from this study is that experience does have a role to 
play in establishing the influence that specific attributes (in this case ATIS) have in choice making. 
 
The paper is organised as follows. In the next section we review a number of studies from the non-
transport literature to provide a justification for the importance of recognising experience in decision 
making. We then set out the choice model form of interest that provides a way of assessing the role that 
experience might play. The data source is then summarised and the main empirical findings presented 
by comparing a mode choice model that does not explicitly account for experience with two models 
that condition the utility expression of the chosen and non-chosen alternatives on experience. We also 
take a close look at the relationship between previous use of each non-chosen mode using a Poisson 
regression count model, as a way of gaining an understanding of circumstances under which non-chosen 
alternatives have been used in the past, providing a feasible way of predicting an appropriate measure 
of experience in the future if it becomes an important feature of mode choice models. Elasticities and 
willingness to pay estimates are then presented and discussed, followed by a number of conclusions. 
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2. The Broader Literature on Experience 
When looking for evidence outside the transport literature, a greater number of empirical studies have 
been undertaken to test the effect of experience on preferences, and we review a few of the studies that 
support the current empirical inquiry. Using a discrete choice experiment (DCE) and a probit model, 
Neuman et al. (2010) tested the hypothesis that preferences change as experience with the health care 
service for maternity-ward attributes is accumulated. The study found that experience changes 
preference patterns, and that the impact of experience on preferences varies by socio-demographics. 
However, the intensity of the experience was found to be insignificant as preferences of individuals 
who experienced the service multiple times are not significantly different from those of individuals who 
experienced only one service. In a similar vein, Ryan and Ubatch (2003) used a discrete choice 
experiment to test the effect of previous experience on preferences for a new system of issuing repeat 
prescriptions. They divided patients/participants into two groups: one had experience with the new 
system (the intervention group) and one had no prior experience (the control group). It was found that 
the intervention group and the control group value the attributes associated with the new system 
differently, indicating that experience influences preferences. They concluded that if preferences 
change following experience, then maybe it is the preferences of those who have experienced the change 
that should be used in applied economics. This is because the preferences of those who have not 
experienced the new system or an alternative will change once they have some experience. This finding 
has an important implication for the transport literature in the way that the preferences of experienced 
users might be a better predictor of all users’ demand for modes of transport in the future. Of course, 
this implication is meaningful only if it can be shown that exposure to alternatives tends to through 
marketing campaigns to encourage individuals to try travel modes that they have very little or no prior 
experience with. 
 
Witz et al. (2003) compared students’ predicted (expected), on-line (real-time) and remembered 
(retrospective) spring-break experiences, as well as the influence of these factors on students’ desire to 
take a similar holiday in the future. They show that the best (and only) predictor of participants’ desire 
to repeat the break was remembered experience. Neither predicted nor on-line experience uniquely 
predicted participants’ desire to repeat the experience in any of the three path analyses. They concluded 
that although on-line measures may be better than retrospective measures for approximating objective 
experience, retrospective measures may be superior for predicting individual choice. Hertwig et al. 
(2014) investigated decisions made from experience and decisions made from description to test a 
hypothesis that this can lead to dramatically different choice behaviour. When people have access to 
information sources such as newspaper weather forecasts, mutual-fund brochures, all of which provide 
convenient descriptions of risky prospects, they can make decisions from description; when individuals 
must decide whether to cross a busy street, or go out on a date, however, they typically do not have any 
summary description of the possible outcomes or their likelihoods. For such decisions, people can call 
only on their own encounters with such prospects, making decisions from experience. In the case of 
decisions from description, they found that individuals make choices as if they overweight the 
probability of rare events, as described by prospect theory (see Hau et al. 2008). By contrast, in the case 
of decisions from experience,  the authors found that individuals make choices as if they underweight 
the probability of rare events. They explored the impact of two possible causes of this underweighting 
- reliance on relatively small samples of information and overweighting of recently sampled information 
and concluded with a call for two different theories of risky choice. We postulate that choosing a mode 
of transport, especially for commuting, is not a rare event and unlikely to be subject to extremes of risk. 
 
Hoeffler and Ariely (1999) suggest that a consumer with more experience in a product category should 
understand the product domain better, and that this understanding should lead to a better identification 
of the attributes that are important for the decision; a better identification of the direction of the 
correlation or relation between the attributes and overall satisfaction with the product; and an improved 
identification of the importance to place on the attribute when making the purchase decision. They use 
an example of parents choosing a stroller for the soon-to-be born child, and distinguish between parents 
who already have a child (and are familiar with strollers) and those who are soon to have the first child 
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(no experience in purchasing a stroller). They show that consumers learn from past decisions and adapt 
their consumption behaviour over time to reflect both their own learning and changes in the 
environment. Initially, when encountering a new domain, consumers are more likely to be constructing 
their preferences. Eventually, as consumers gain experience in a domain, stable preferences can 
develop. They conclude that consumer experiences are the foundation of their preference structures, 
and the processes associated with such experiences lead to preferences that stabilise over time; however 
they made a distinction between ‘hard’ and ‘easy’ environments specifically to show that preference 
stability linked to experience occurs more rapidly under ‘hard’ environments. They found that 
participants who were in the easiest choice environment had very unstable preferences, but these 
individuals also believed that their knowledge level was high. Participants who were in the most 
difficult choice environment had very stable preferences, but these individuals believed that their 
knowledge level was low. The authors speculate that environments that presented individuals with easy 
choices lulled consumers into a false sense of security regarding the stability of their own preferences 
with participants possibly misplacing the locus of the ease with which they made choices as a reflection 
of their own abilities and stable preferences, and not as a factor characterising the environment. 
Conversely, environments that forced individuals to confront difficult trade-offs may have led them to 
believe that the environment was indeed a difficult one, and therefore, they did not gain the same level 
of subjective knowledge. 
 
It is not clear whether choice of commuter mode is an ‘easy’ or ‘hard’ choice environment. Our sense 
is that mode choice decisions are in the ‘easy’ environment, especially in a metropolitan context, in that 
experiencing an alternative only once can often result in stable preferences given the constancy of many 
of the attributes levels over repeat experiences, even when we recognise that, for road based modes 
such as bus and car, the reliability of travel time tends to settle down after a few days of experience 
(given the variability in travel times due to congestion). By allowing experience to be a continuous 
variable (such as the frequency of usage of each alternative as in our case study), we are able to capture 
both the ‘easy’ and ‘hard’ possibilities without worrying about the distinction. 
 
3. The Model Form 
All of these studies provide evidence to support the role that experience plays in informing and 
influencing preferences and hence choices.  Ryan and Ubathch (2003) and Neuman et al. (2010) 
estimate binary random effects probit models, with the former study combining the two samples 
(control and intervention – essentially no experience and experience) and identifying separate 
parameters for each sampled group, and the latter study running separate models for each sub-sample 
(namely pre-natal classes, first birth, second or more birth – essentially levels of experience). The 
models are linear in the parameters and additive in the main effects attributes (as well as some 
interactions of main effects with socioeconomic characteristics). While these are acceptable ways of 
investigating the role of experience, we propose an alternative approach which conditions the utility 
expression defining each individual’s preferences on the unique level of experience (as a point on a 
continuous line) associated with their use of each  mode of transport available for the commute trip, 
including the preferred (i.e., chosen) alternative. 
 
The proposed approach assumes that there is merit in conditioning an entire observable utility 
expression on some representation of overt experience in using each of the available alternatives. 
Intuitively, a good experience with an alternative will increase its overall utility relative to another 
alternative and vice versa for a bad experience, ceteris paribus. Consequently, experience will have an 
influence of the marginal utility of each attribute that contributes to the overall level of utility. Of 
particular note is that account for the degree of experience with non-chosen alternatives will be a useful 
way also of garnering confidence in a commuter’s revealed preference responses when asked to indicate 
the attribute levels associated with such non-chosen alternatives, which has always been a source of 
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considerable concern, especially in respect of significant levels of measurement error. This is a form of 
heteroscedastic conditioning similar to the idea presented in Hensher and Rose (2012). 
 
Beginning with the standard utility expression associated with the jth alternative contained in a choice 
set of j=1,…,J alternatives, we assume that an index defining overt experience with the jth alternative 
and qth individual, referred to as Ejq, conditions the utility expression. The functional form can be 
denoted by Ujq*= EjqUjq=Ejq(Vjq+j), where Ujq* is the standard utility expression conditioned on the 
overt experience with an alternative. This conditioning is a form of heteroscedasticity. Ejq recognises 
that individual-specific experience, proxied by some metric such as frequency of use, conditions the 
marginal (dis)utility of each and every attribute, observed and unobserved, associated with the jth 
alternative in a pre-defined choice set.  
 
In the current context, we modify the definition of Ujq* as EjqVjq+j, leaving the random component un-
contaminated directly by the function Ej. This enables us to adopt a logit form under random utility 
maximisation (RUM). Heteroscedastic conditioning, implemented herein, is Ejq = (
, ,1 car q bus qcar busFR FR  ), where FRjq is a variable denoting the level of personal experience defined 
by frequency of use of alternative j (j=car or bus) over a given time period by the qth individual, and j 
(j=car, bus) are estimated parameters.1 Other forms are permitted such as , ,exp( )car q bus qcar busFR FR  ; 
however we have found that the functional form chosen provides a better explanation. 
 
When we allow for heteroscedasticity, the standard logit model takes the form shown in equation (1), 
where Vjq is the standard utility expression which is linear in parameters. 
 
, ,
, ,1
exp[(1 ) ]
Pr  =
exp[(1 ) ]
car q bus q jq
q
car q bus q jq
car bus
car bus
jq J
j
FR FR
FR FR
V
V


 
 

         (1) 
	
4. The Empirical Setting 
The data collected to test the proposition on experience was obtained from an online survey undertaken 
in March 2014, using a sample of car and public transport commuters in the Sydney metropolitan area. 
The data focussed on commuters who are regular users of car as a driver or public transport (single 
modal or multimodal of bus, train and ferry). To be eligible for the survey, at least one public transport 
(PT) option must be available to car commuters for commuting if they wanted to use it, and vice versa 
for PT commuters. A target sample of 1,000 commuters (500 PT and 500 car commuters) was sought 
with the help of SSI, an online survey company. Respondents were recruited via email directing them 
to a customised online survey. In total, 4,046 invitation emails were sent and a sample of 994 qualified 
respondents (474 PT commuters and 520 car commuters) was obtained (a response rate of 25%). 
Compared to the 2011 journey to work census data for Sydney, the sample on average has a higher 
income ($76,930 vs. $57,660 per annum), works shorter hours (29 vs. 34 hours per week), and includes 
more women (57% vs. 44%) and older workers (40.36 years vs. 39.08 years). 
 
Commuters were asked to report three perceived commuting times and the likelihood of experiencing 
each travel time. The survey also included questions relating to travel cost, fuel consumption of the car 
used for commuting, number of times a car and public transport were used for commuting in the last 
two months, as well as socio-economic characteristics such as age, income, occupation and household 
car ownership. A process of cleaning and validating the data reduced the sample to 627 usable 
observations. Inconsistencies between reported household size and household structure, and between 
                                                     
1 This is not strictly scale heterogeneity, although it appears like deterministic scale as a function only of 
covariates. In contrast, scale heterogeneity as represented in SMNL is a stochastic treatment which may be 
partially decomposed via deterministic addition of covariates. 
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public transport fares and toll costs of different travel outcomes, are the main reasons for removing 
observations from the final dataset. Other reasons for dropping out observations include average speed 
being too slow or too fast, and time variability across three possible travel outcomes being too much 
(more than four times) or too little (no time variability). Summary statistics of the sample are provided 
in Table 1 with a screen shot of the survey instrument page on trip data shown in Figure 1. The question 
of particular interest relates to use of car as a driver and public transport for the journey to work in the 
last two months. Further details of the data are given in Hensher et al. (2015). Our focus in this paper 
is on comparing models with and without experience conditioning. 
 
 
Table 1: Summary statistics of the sample 
 Variable Mean Std. Dev. 
Age (years) 39.08 14.11 
Female 0.57 0.50 
Weekly working hours 29.04 8.17 
Personal income before tax ('000$) 76.93 43.83 
Number of household cars 1.67 0.88 
Number of household adults 2.22 0.82 
Number of household children 0.74 0.96 
Number of times commuting by PT in last 2 months a  6.94 7.08 
Number of times commuting by car in last 2 months a 7.46 5.83 
Shortest commuting time (minute) 27.46 16.18 
Most likely commuting time (minute) 36.13 18.18 
Longest commuting time (minute) 45.98 22.74 
Likelihood of having shortest time (%) 36.25 24.78 
Likelihood of having most likely time (%) 41.25 24.18 
Likelihood of having longest time (%) 22.28 16.62 
Travel cost weighted by probability ($) 6.55 7.53 
a The sample includes car commuters and PT commuters, with the number of times commuting by a 
specific mode over 16 provided in the questionnaire as 16+ and recoded as 16 for analysis. 
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Figure 1: A screen shot of travel-related questions asked in the online survey 
 
5. Results 
Prior to estimating the experience-conditioned mode choice models, we undertook an analysis of the 
possible relationship between experience with the chosen and non-chosen alternatives over the 2-month 
period and trip travel times and cost, as well as a number of socioeconomic characteristics. The purpose 
of this exercise is to see if there exist statistically significant differences in reported travel times and 
costs when an alternative has been experienced or not, as well as when an alternative has been 
experienced on more than one occasion. In the sample (see Figure 2), of those who chose public 
transport, over the last 2 months 39.5 % never used the car, 8.9% drove once, 19.3% twice, and 32% 
more than twice. For those who chose the car, 61.6% have never used public transport, while 32.8% 
have used it up to nine times, and 5.5% more than nine times. There is clearly an asymmetry of 
experience for car and public transport commuters using the alternative mode.  
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Figure 2 The distribution of use of the non-chosen alternative for car and public transport commuters 
 
Models were estimated to identify the extent to which the experience with a non-chosen alternative is 
influenced by the difference in travel times and costs between the chosen and the non-chosen 
alternative, as well as socioeconomic descriptors. If, in the future, there is a changing relationship 
between the service levels of available transport modes, and that this engenders a change in experience 
in using each mode, which in turn impacts on the marginal (dis)utility of travel times and travel costs, 
then this becomes an important source of additional influence on behavioural estimates such as the 
value of travel time savings as well as time and cost elasticities (or partial effects). Applications using 
mode choice models to forecast future demand might then be adjusted to reflect the role of changing 
levels of experience as calculated from changing relative levels of modal attributes such as travel times 
and costs and socioeconomic characteristics of trip makers. 
 
As part of this exploratory investigation of experience proxied by usage frequency, prior to the 
estimation of the main mode choice model of interest, we estimated Poisson regression models 
(summarised in Table 2) given that the dependent variable (frequency of use) is a non-negative 
continuous count value, with truncation at zero. The basic formulation is the Poisson regression model.  
For a discrete random variable, Y, observed over a period of length Ti (i.e., 2 months) and observed 
frequencies, yi, i = 1,...,n, where yi is a nonnegative integer count of frequency of use of a mode for the 
ith respondent), and explanatory variables xi (e.g., time and cost differences), the Poisson regression 
model is given as equation (2). 
   Prob(Y = yi|xi)   = exp( )
!
iy
i i
iy
  , yi = 0,1,...;  log i = xi. (2) 
In this model, i is both the mean and variance of yi; 
 
   E[yi|xi]  =  i.  
 
The partial effects in this nonlinear regression model are, 
 
  [ | ]i i
i
E y

x
x
 = i  . 
We have also allowed for unobserved heterogeneity as well as defined the Poisson regression model in 
the Zero Inflated Poisson (ZIP) form for count data (see Greene 2000) to recognise partial observability 
Ke rn e l  De n s i ty  Es tim a te s
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due to the data on usage being observed for only a period of two months2. Specifically, the answer 
‘zero’ could arise from two underlying responses. If the individual never ever used the non-chosen 
alternative, they would always answer zero; if they have used the non-chosen alterative in the past, 
however, then the zero may be just the number of times they used that alternative in the particular 
period, and the response might be some positive number in another period. Defining: 
 
   z  =  0 if the response would always be 0, 1 if a Poisson model applies, 
   y =  the response from the Poisson model; then 
   zy =  the observed response. 
  
the probabilities of the various outcomes in the ZIP model are: 
  
   Prob[y = 0]   =  Prob[z = 0]  +  Prob[z = 1]Prob[y = 0 | Poisson] (3a) 
   Prob[y = j > 0] =  Prob[z = 1]    Prob[y = j | Poisson].   (3b) 
 
The ZIP model is given as follows (Greene 2012): 
 
   Yi  = 0 with probability qi 
   Yi  ~ Poisson (i) with probability 1 - qi 
so that   Prob[Yi = 0]  =  qi + [1 - qi]Ri(0) 
    Prob[Yi = j > 0] =  [1 - qi]Ri(j) 
where   Ri(y) =  the Poisson probability = e -i i yi  / yi! (equation 2) 
and   i   =  exi .        (4) 
 
We assume that the ancillary, state probability, qi, is distributed normal; qi ~ Normal[vi]. Let F[vi] 
denote the normal CDF.  Then,  
 
   vi   =  log[i] = xi       (5) 
 
which defines a single new parameter (which may be positive or negative).   
 
Table 2 Regression of experience with the non-chosen alternative on differences in service levels and 
socioeconomic characteristics: zero inflated Poisson model with normal heterogeneity 
Variables PT commuter Car commuter PT commuter Car commuter 
Dependent variable (yi): Number of car trips Number of PT trips Number of PT trips  Number of car trips 
Explanatory variables     
Constant 0.7190 (5.79) 1.5694 (5.09) 2.2532 (20.02) 2.2362 (37.3) 
Time difference (PT-car) 0.01361 (4.23) -0.0132 (-4.67) 0.0057 (4.88) 0.0009 (1.34) 
Cost difference (PT-car) -0.0184 (-1.94) 0.0415 (2.03) -0.0150 (-3.39) 0.0057 (1.63) 
Age (years) ns -0.0294 (-5.06) 0.0086 (3.46) 0.0043 (3.12) 
Male (1,0) 0.5732 (4.23) ns -0.2977 (-4.72) ns 
Annual personal income (‘000s) ns 0.0051 (2.39) -0.0008 (-1.37) ns 
Tau (parameter of ZIP equation) -0.2670 (-3.92) -0.1589 (1.65) ns ns 
Standard deviation of 
heterogeneity 
0.6871 (8.47) 0.9346 (8.75) 0.3975 (10.85) 0.0998 (1.73) 
McFadden pseudo-R2 0.646 0.688 0.876 0.857 
Predicted zeros (Poisson) 30 83  0 
Predicted zeros (ZIP) 167 206  163 
Sample size 301 326 301 326 
Partial effects:     
Time difference (PT-car) 0.0199 (4.49) -0.111 (-4.53) 0.0716 (4.47) 0.0058 (1.33) 
Cost difference (PT-car) -0.2801 (-1.79) 0.0349 (1.97) -0.1905 (-3.26) 0.0339 (1.61) 
Age (years) 0 0 0.1084 (3.34) 0.0256 (3.07) 
Male (1,0) 0.8714 (4.19) -0.0248 (-4.78) -3.774 (-4.26) 0 
Annual personal income (‘000s) 0 0.0043 (2.41) -0.0104 (-1.36) 0 
                                                     
2 Fitting a simple Poisson model would overstate (‘inflate’) the theoretical probability of zero in the Poisson 
model. The ZIP model involves a joint estimation of a count data model and a binary probit (or logit) model where 
the latter tests for whether the response will always be zero or otherwise (up to a probability). 
Experience conditioning in modal choice modelling – Does it make a difference? 
Hensher and Ho 
 
9 
 
The overall fit of the two ZIP models in columns 2 and 3 of Table 2, one where car is the non-chosen 
mode and one where public transport is the non-chosen mode, is impressive with pseudo-R2’s 
respectively of 0.646 and 0.688. The presence of individual heterogeneity occurs when the standard 
deviation of heterogeneity is statistically significant from zero. For both models, this is clearly the case 
with standard deviations of 0.689 and 0.934, both the t-values in excess of 8.0. Tau (τ) is a scalar 
associated with the ZIP model form which can be of any sign that is attached to the distributional CDF 
(logistic or normal) assumption for the ancillary state probability which defines the probability of the 
response variable being equal to zero (i.e., never used) (see Greene 2012 for details). τ is statistically 
significant from 1.0, the default value in both models, although for the car sample the statistical 
significance is marginal. The ZIP forms results in a much greater number of predicted zeros than the 
simple Poisson model, suggesting that there is merit in accounting for partial observability. 
 
For the two modal attributes, travel time and travel cost difference, they are statistically significant in 
both models. What this suggests is that there is a link between the difference in times and costs 
(calculated as the public transport minus the car levels) and the extent of exposure through usage of the 
usually-not-selected mode. For example, looking at the number of car trips by public transport 
commuters, we see that when the difference in travel time between public transport and car increases, 
the experience in using the car increases. It should be noted that the range of differences in travel time 
and travel cost between the two modes is in both the positive and negative domains; for public transport 
commuters the mean time difference is positive (6.85 mins) but the cost difference is on average 
negative (-$1.79); for car commuters the mean differences are both positive (i.e., 30.8 mins and $4.78). 
The standard deviations are similar (namely 25.8 mins and $6.11 for public transport commuters and 
29.7 mins and $5 for car commuters). Thus, where the difference in travel time/cost has the same sign 
as its estimated parameter, we get a positive product, and hence a higher contribution to frequency of 
use  or higher experience with the non-chosen mode; conversely, where the difference in travel time/cost 
has a different sign from its estimated parameter, we obtain a negative product, and hence a smaller 
increasing contribution to frequency of use (or less experience with the non-chosen mode).  
 
Within the sample, for a given sign of the estimated parameters for time and cost (two being positive 
and two negative), the influence on the intensity of experience will be dependent on the sign of the 
differences in time and cost. The only socioeconomic characteristics that are statistically significant are 
gender for public transport commuters, and age and income for car commuters. We find that as car 
commuters increase in age, they tend to exhibit less experience with public transport, with the opposite 
effect when income increases, and males who chose public transport tend to have more experience with 
the non-chosen car mode compared with females. For completeness, we also estimated models for the 
frequency of using each of the chosen modes, as summarised in the last two columns of Table 2. The 
parameters are interpreted in the same way. All four models will be required in the application process 
as set out below. 
 
This assessment suggests that some amount of experience conditioning (or interaction) of trip attributes 
and socioeconomic influences has behavioural merit as a way of accounting for greater propensity to 
choose each mode where there is overt experience in using each of them. Knowing what are statistically 
significant influences on the intensity of experience (as identified in Table 2) provides a way forward 
in linking individual experience- with their choice behaviour. This is particularly meaningful if we can 
show through mode choice model that experience with a specific mode does indeed influence the 
probability of choosing that mode, which when aggregated across a sample/population should improve 
the accuracy of forecasts of modal shares. 
 
The next stage of the empirical investigation is to estimate choice models with and without experience 
conditioning. We estimated a simple multinomial logit (MNL) model, referred to as the standard 
unconditioned model, and experience-condition non-linear in parameters models, both as fixed and 
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random parameters (as specified in equation 1)3. A constrained triangular distribution is used for random 
parameters such that the mean and the standard deviation are constrained to be the same. We tested an 
unconstrained distribution but found that the amount of heterogeneity was not enough to allow for this 
unconstrained distribution. Because the only parameters found to be random are included in the 
experience conditioning expression, the comparison between the MNL model and the random 
parameters (mixed logit) model is appropriate.4  
 
The final models are summarised in Table 3. The overall goodness of fit improves significantly (from 
0.346 to 0.733 on the pseudo-R2). Separate parameters to account for the role of experience (defined as 
the natural logarithm of frequency in using each mode in the last two months) are statistically significant 
and negative in sign. The conditioning expressions for car and public transport respectively are ECar = 
1-(0.4992+0.4992*T)*ln(FRcar)+0.0282*Age; EPT=1-(0.2870+0.2870*T)*ln(FRPT) where T is obtained 
from a standard uniform variable V = U[0,1] by 2 1T V   if V< 0.5 and 1 2(1 )T V   if V  
0.5. What this suggests is, ceteris paribus, as the frequency of use of a mode increases, the experience 
effect scales the standard utility expression downwards, and given that the utility expression includes 
only disutility attributes (i.e., cost and time), this is a plausible result.   
 
The parameter estimates for time and cost are of the expected sign, with the age of the commuter being 
the only statistically significant socio-economic effect from the list in Table 1. The change in the sign 
of the public transport specific constant from the standard model to the experience-conditioning model 
is interesting, suggesting that when experience is accounted for, the ‘residual’ source of preference 
towards public transport is reversed. The random parameter version of the experience-conditioned 
model is preferred over the fixed-parameter form and so we do not discuss the fixed-parameter version. 
 
Table 3 Final Model Results – Standard Un-Conditioned and Experience-Conditioned Models 
627 observations, choice of car and public transport (bus or train), random parameters are a constrained 
triangular distribution 
Attribute Standard MNL 
Model 
Experience-Conditioned Models 
Fixed parameter Random parameter
    
Log (Number of commuting trips in last 2 months by car)  -0.6707 (-4.32) 
 
-0.4992 (-2.67)* 
Log (Number of commuting trips in last 2 months by PT)  -0.3730 (-9.94) -0.2870 (-6.97)* 
Public transport constant 1.5479 (4.97) -1.6951 (-2.15) -2.6501 (-1.93) 
Cost (fare or fuel plus tolls) ($) -0.3394 (-13.6) -0.0756 (-1.42) -0.3172 (-2.64) 
Average travel time (mins) -0.0247 (-6.51) -0.0536 (-4.87) -0.0579 (-3.06) 
Age of traveller (car mode) (yrs) 0.0152 (1.88) 0.0234 (2.69) 0.0283 (2.01) 
Model fit:    
AIC (sample adjusted) 0.920 0.412 0.390 
Log-likelihood at zero -434.60 -434.60 -434.60 
Log-likelihood at convergence -284.35 -125.88 -116.26 
McFadden Pseudo-R2 0.346 0.710 0.733 
Value of travel time savings ($/person hour) 4.77 ns 10.96 
* Random parameters with constrained triangular distribution 
 
In the experience conditioned model, the value of travel time savings (VTTS) is calculated from two 
non-random parameters, which are scaled by the common random parameters for heteroscedasticity. 
We find that when experience conditioning is taken into account (under the random parameters form 
only), the mean estimate of VTTS more than doubles. This suggests that individuals, on average, place 
                                                     
3 We also investigated a form which defined alternatives associated with a number of levels of frequency of use 
(0,1-6,>6) for use of car and public transport as the non-chosen, but these models were inferior to the model that 
allowed for the continuous distribution of usage. 
4 Models with time and cost specified as random did not have statistically significant standard deviation parameter 
estimates. 
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a higher value on time savings when we explicitly account for their experience with each alternative 
(regardless of which one they actually chose) compared to when we do not account for experience. This 
is a very interesting finding (albeit for one data set only), and suggests that a higher VTTS may not be 
a dominating source of error in forecasts of modal split (or in the case of tolled vs. free routes of route 
split). This is in sharp contrast to a growing view that higher VTTS tend to result in great over 
predictions of future demand compared to monitored reality. 
 
The direct and cross elasticity findings are summarised in Table 4. We find that the majority of the 
mean estimates are noticeably different. It is generally quite difficult to compute asymptotic standard 
errors for elasticities because of the complexity of the function. Standard deviations are typically used 
as the sample standard deviations of the estimated elasticities, where the variance is across the sample 
individuals. This is not, however, the appropriate way to compute a standard error for a function of the 
parameters. The available methods are (Hensher et al. 2015) (1) the delta method which is just too hard 
for elasticities in a choice model, (2) bootstrapping – which requires fitting the same choice model 
hundreds of times, and (3) the Krinsky and Robb method which works very efficiently and is used 
herein (see Hensher et al. 2015, Section 7.4.2 for details). The method of Krinsky and Robb (K&R) 
(1986) is based on Monte Carlo simulation (i.e., the method requires simulation of the standard errors). 
All z-values in this study exceed 2.21 and thus we can conclude that the mean estimates are all 
statistically significant from zero.  
 
Furthermore, a test of the significance of differences in the mean estimates between the two models, of 
particular interest, namely the base MNL model and the random-parameter form of experience 
conditioning, shows conclusively that the z-value is well in excess of 1.96 (95 percent level of 
confidence), with the lowest z-value being -4.62 on the direct elasticity for car trip cost. We can 
conclude with confidence that we can reject the null hypothesis of no differences between the mean 
estimates of the two models. 
 
Of particular interest are the significantly higher direct elasticities for travel time under the experience 
conditioned model, with lower cross elasticities, and the opposite for travel cost. The implies that 
models that do not account explicitly for overt experience, significantly underestimate the sensitivity of 
the model to direct response changes in travel time and significantly overestimate the response to 
changes in travel cost. For example, for public transport trips, if we were to improve travel times, the 
experience-conditioned model would result in greater increases in public transport use compared to not 
accounting for experience. 
 
Table 4 Mean Elasticity Estimates 
z-values in parenthesis ( ) are based on the mean and standard error estimates using the Krinsky and Robb 
method. Standard deviations are in brackets [ ] 
 Standard Un-Conditioned 
Model 
Experience-
Conditioned Fixed 
Parameters Model 
Experience-
Conditioned Random 
Parameters Model 
Average travel time:    
Direct: Public transport  -1.040 (-6.59) [0.0369] -2.582(-5.92) [0.141] -1.375 (-7.00) 
[0.0819] 
Direct: Car -0.742 (-7.14) [0.0301] -3.255 (-6.29) [0.198] -2.051 (-5.36) 
[0.1603] 
Cross: Car with respect to PT time 0.823 (6.80) [0.0279] 0.235 (1.25) [0.031] 0.287 (2.21) [0.0166] 
Cross: PT with respect to car time 0.645 (6.28) [0.0209] 0.461 (2.54) [0.030] 0.565 (7.02) [0.0306] 
Trip cost:    
Direct: Public transport  -1.208 (-5.74) [0.0708] -0.299 (-1.83) [0.019] -0.640 (-3.95) 
[0.0548] 
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Direct: Car -0.910 (-5.95) [0.0671] -0.333 (-6.93) [0.182] -0.888 (-2.70) 
[0.0983] 
Cross: Car with respect to PT fare 0.618 (5.75) [0.0243] 0.030 (1.11) [0.004] 0.095 (2.39) [0.0070] 
Cross: PT with respect to car cost 0.363 (5.35) [0.0219] 0.031 (1.09) [0.003] 0.114 (2.58) [0.0072] 
 
6. Application Framework 
Given that there is a case for allowing for experience in using each of the chosen and non-chosen 
alternatives, we can use the findings from the two models to develop an application model to predict 
future modal shares that recognises the distribution of modal usage. There is a caveat – although we 
know the distribution of experience today, we can only extrapolate into the future based on any evidence 
we have on how the network service and cost levels, together with the population’s age, gender and 
income profile, might change over time. Feeding this information into the modesl in Table 2 (for car 
and public transport users frequency of car and public transport use) and using the ZIP model set out 
above that shows how the parameters estimated and the levels of the explanatory variables are used (in 
equation 4), we can calculate the estimate of yi (noting that i is both the mean and variance of yi); which 
becomes the estimated level of experience associated with a commuter in the population5 which will 
enable us to obtain numerical estimates for experience to substitute into the experience-conditioning 
model, together with the other attributes in order to obtain predicted modal shares.  
 
As an example, we have used the parameter estimates obtained for the model for the number of car trips 
associated with the sample of current public transport commuters (i.e., column 2 in Table 2) to obtain a 
prediction of experience (Figure 3) of public transport commuters with the car trip (mean of 3.4 with a 
standard deviation of 1.74). Given this prediction, we can feed it into the utility expression for 
experience-conditioning to obtain Figure 4(a), the distribution of the experience-conditioning utility 
expression, with a mean of 1.440 and a standard deviation of 0.511 in the random parameter version of 
the model. Figure 4(b) shows the distribution of the predicted utility for the car alternative for public 
transport commuters accounting for, and not accounting for, their experience in using the car in previous 
periods. Most notably, when we explicitly take into account the level of experience that public transport 
commuters have had in using the car, they attach a greater marginal disutility to using the car than when 
we ignore the intensity of experience with the car alternative. The expectation is that experience-
conditioning, on average, tends to reduce the probability of a public transport user switching to car. 
 
 
 
 
 
Figure 3 The distribution of predicted car usage frequency for public transport commuters  
                                                     
5 We would need to know the incidence of each commuter in the population associated with the specific levels of 
the xi variables, in order to apply weights to each commuter where the full population is not being used. 
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Figure 4 (a) The distribution of predicted utility experience in using the non-chosen car, and (b) the contrasts 
between the predicted utility ignoring experience (UPTNE) and accounting for experience (UPTE) 
 
7. Conclusions 
This study has investigated the role that experience in using an alternative, whether chosen or not, plays 
in influencing the overall statistical performance of a model, and the resulting behavioural outputs in 
the form of elasticities and willingness to pay. It is a simple idea but one with a potentially powerful 
message. 
 
Based on a single study only, the findings suggest that overt experience does influence model 
performance and important behavioural outputs in a very noticeable manner. The extent of the influence 
is of sufficient strength to raise important questions on how recognition of experience might improve 
on future model applications in respect of forecast validity, as well as enhancements in the overall value 
of transport user benefits.   
 
The identification of a statistically significant relationship between the frequency of usage (as a proxy 
for experience), and travel times, travel costs and a number of socioeconomic characteristics, offers a 
way forward to implement a mode choice model that recognises the role of overt experience in 
improving the predictions of modal choice. With this supplementary model (using evidence given in 
Table 2) we can estimate the experience levels which are then fed into the non-linear experience 
conditioned mode choice model given in Table 3 to predict modal share, while recognising the influence 
of experience on individual preferences. 
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